Background. Pediatric acute respiratory distress in tropical settings is very common. Bacterial pneumonia is a major contributor to morbidity and mortality rates and requires adequate diagnosis for correct treatment. A rapid test that could identify bacterial (vs other) infections would have great clinical utility.
Pediatric pneumonia syndrome, characterized by acute respiratory distress with fever, is associated with severe morbidity, mortality, and health service burden. Among children <5 years old, severe acute lower respiratory infection accounted for 15 million hospital admissions and 1.4 million deaths worldwide in 2010 [1] . Although the chief etiologic agents for pediatric pneumonia syndrome are viral and bacterial respiratory pathogens, syndromic overlap with severe malaria probably contributes to exceptionally high rates of apparent severe acute lower respiratory infection in malaria-endemic regions [1] .
The significant clinical overlap between bacterial, viral, and malarial infections poses a special challenge for rapid diagnosis. Among children presenting with fever, multiple infections may be commonplace, amplifying the challenge of assigning a specific pathogenic cause for their illness [2] . Importantly, though the overlap of symptoms of severe malaria and severe pneumonia is common, co-occurrence of the diseases is not, emphasizing the importance of securing an etiologic diagnosis for appropriate clinical management. Correct identification of bacterial infection is of special importance, because it is often associated with a much higher case fatality rate and timely and appropriate antibiotic therapy may be life-saving [3] .
Current approaches to diagnosis suffer a range of problems: profiles of clinical signs and symptoms provide some discrimination but not enough for accurate and actionable diagnosis even in expert hands, with still worse performance among low-skilled medical personnel; conventional clinical and laboratory tests involving specialized equipment may be unavailable or prohibitively expensive, often require expert interpretation, and still have marginal performance characteristics. Molecular diagnostics targeting the causal pathogens hold promise but likewise may have inadequate performance characteristics in pediatric populations prone to asymptomatic infection or colonization, especially when applied to accessible samples (blood, urine, or upper respiratory tract) rather than those from the site of infection (sputum), as is often necessary in children [4] [5] [6] [7] [8] [9] [10] [11] [12] .
Even in advanced medical systems, the appropriate utilization of antimicrobial agents for acute respiratory syndromes is challenging, with therapy being withheld in a substantial proportion of antibiotic-appropriate infections and administered in antibiotic-inappropriate infections [13] , leading to increased morbidity rates, health system inefficiencies, and antimicrobial resistance. This problem is amplified in resource-poor settings, where diagnostic testing is often limited and misapplied. Clinical data may not be captured, documented, or used to inform clinical decision-making in accordance with international guidelines, such as the World Health Organization (WHO) Integrated Management for Childhood Illness, which tend toward high sensitivity but low specificity and so have poor positive predictive value [14, 15] . A reliable and efficient diagnostic is urgently needed.
A compelling alternative is to leverage the fact that the underlying pathophysiologic mechanism and human "host" responses are very different among these disease classes. Classically, "active" viral infection produces a lymphoid response, bacterial infections produce a neutrophil response, and malaria is associated with monocyte/macrophage activation. Thus, tools that can assess these precise human responses may support development of more accurate tools to rapidly and appropriately administer treatment.
To characterize the underlying pathophysiologic mechanism in the molecular level, we developed a well-defined cohort of pediatric patients from a malaria-endemic area presenting with pneumonia syndrome attributable to a single entity-bacteria, malaria, or virus. We performed whole-transcriptome analyses of the peripheral blood human gene expression profiles to search for differentially expressed marker genes capable of discriminating between them. Using machine-learning algorithms, we built classifiers capable of discriminating between these specific causes of disease, or between bacterial and other causes of illness. Ultimately these marker panels may form the foundation for a transcript-or protein-based diagnostic test to help guide therapy for this vulnerable population.
METHODS

Study Population and Sample Collection
All children presenting to the outpatient clinic of the Manhiça District Hospital in Mozambique with symptoms of clinical pneumonia and fulfilling criteria for hospital admission between July 2010 and November 2012 were assessed for recruitment. Children <10 years of age who had documented fever at admission (>37.5°C axillary temperature) or a history of fever in the preceding 24 hours and met the WHO case definition for clinical pneumonia (increased respiratory rate and cough or difficulty in breathing) [16] were invited to participate in this study. Exclusion criteria included use of antimalarial drugs in the preceding 2 weeks, established or suspected pulmonary tuberculosis (based on a history of cough of >2 weeks in duration or history of direct contact with a patient with a tuberculosis diagnosis), ongoing participation in conflicting studies, and marked hypoxemia (oxyhemoglobin saturation ≤85%), to reduce the likelihood of Pneumocystis jirovecii infection.
Parents or guardians provided written informed consent after detailed explanation of the study objectives and procedures. Before the initiation of antimicrobial therapy, a nasopharyngeal aspirate was taken for polymerase chain reaction-based determination of respiratory viral infection, and venous blood was collected for blood culture, human immunodeficiency virus (HIV) testing, malaria diagnosis (by smear microscopy), and bacterial polymerase chain reaction. All children underwent anteroposterior chest radiography. Operators blinded to diagnosis and clinical status processed all laboratory tests and samples. All clinical, laboratory, and radiologic data were used to classify all patients enrolled in the study as having bacteria, viral, or malaria infection, either singly (used in this study) or mixed [17] . 
RNA Sequencing
A complementary DNA library was first constructed (see Supplementary Notes). Pooled libraries were normalized to 2 nmol/L and denatured using 0.1N sodium hydroxide before sequencing. Flow cell cluster amplification and sequencing were performed according to the manufacturer's protocols, using either the HiSeq 2000 or HiSeq 2500 sequencing systems (Illumina). Each run consisted of a 76-base pair paired-end read with an 8-base index barcode read. Sequencing was performed in 96-well format in 2 batches.
Sequencing Analysis Pipeline
Unaligned reads were trimmed using the Trimmomatic preprocessing tool [18] to remove low-quality bases. RSEM software v 1.3.0 [19] was used to align reads to the human transcriptome and quantify gene expression. The reference genome assembly was hg19, using annotations from the University of California, Santa Cruz, Genome Browser [20] . Quality was evaluated with the RNA-sequencing quality control (RNA-SeQC) module of GenePattern (http://archive.broadinstitute.org/cancer/cga/ rna-seqc/) [12] .
Modeling
We developed a classifier, performed cross-validation, created a final model, and evaluated the model with standard metrics; the details can be found in Supplementary Notes.
RESULTS
Patient Characteristics
A total of 105 enrolled patients met the criteria for a single specific cause of pneumonia syndrome and were included in this study (Supplementary File 1, Sample Distribution by Etiology). There were no significant differences in age, sex, size, nutritional status, fever, or respiratory rate between patients with bacterial, malarial, or viral infections (Supplementary File 2, Patient Demographics). Patients with malaria were significantly more anemic at admission. By definition, only patients with bacterial infection had positive blood cultures, and only patients with malaria had positive smears. Chest radiographic status was not an independent variable, because malarial patients were required to have clear radiographs and patients with viral infection were not allowed to have primary end-point pneumonia.
(The only exception was sample 0314; it was originally classified as malaria but later reclassified as mixed bacteria/malaria. By the time that sample was reclassified the database was "locked.") Of patients with viral infection, 45% had a nonconsolidative infiltrate or other radiographic abnormality. Of those with bacterial infection, 70% had primary end-point pneumonia. Patients with bacterial infection had higher leukocyte counts and were more likely to be HIV positive. They also had statistically significant longer hospital stays and higher in-hospital mortality rates. From a total of 105 samples, stratified random sampling was used to select a training set of 68 (and testing set of 37 samples while retaining the relative distribution of disease etiologic agents between training and test sets (Supplementary File 1).
Hierarchical Clustering
The cross-validation approach to marker selection yielded 600 total marker genes. Unsupervised hierarchical clustering of the training samples using these differentially expressed 600 genes (n = 600) is shown in Figure 1 [22] , annotated with the clinical diagnosis, prediction using 3-class elastic net (EN) and support vector machine (SVM) models, HIV status, and radiographic pattern. The full list of marker genes is available in Figure 1 . Hierarchical clustering using 600 preselected differentially expressed (DE) genes. Using the markers selected via the cross-validation procedure, we clustered the training samples (left) and testing samples (right) separately. The top row shows the clinical diagnosis, elastic net (EN) classification, support vector machine (SVM) classification, human immunodeficiency virus (HIV) status, and chest radiographic (CXR) diagnosis. Samples were separately row-normalized and clustered, displayed side by side for convenience. Expression was log-transformed and row-normalized by median-adjusted deviation. The distance metric was 1 minus the spearman correlation. HIV indicates whether HIV positive (red) or negative (white). CXR indicates chest radiographic diagnosis category: normal (white), other infiltrate/abnormality (yellow), primary end-point pneumonia (red), or data not available (gray).
Supplementary File 3, and additional details on clustering are in Supplementary Notes.
Cross-Validation
Figure 2 (red curve) shows the receiver-operating-characteristic (ROC) curves from cross-validation for both SVM (left) and EN (right) 2-class models. The performances of both classifiers are similar, with a cross-validation area under the curve (AUC) ROC of 0.84 using SVM and of 0.82 using EN. Despite biasing toward bacteria samples, false-positive rates remained acceptable, as measured by the high AUC-ROC. Quality performance across multiple algorithms provided substantial evidence that each etiology produced a unique transcriptomic signature.
Independent Test Set
Confusion matrices for the training and test sets are shown for the 3-class EN model in Table 1 and the SVM model in Table 2 . Because ROC curves do not aptly display the predictions of 3-class models, a ternary diagram displaying the predicted probabilities of each class is shown in Figure 3 . EN has consistent performance between model and test sets (overall accuracy, 92.2% vs 87.8%), whereas SVM fits the model extremely well but has less consistent performance between model and test sets (overall accuracy, 100% vs 87.8%). A similar trend is apparent in 2-class accuracy statistics, shown in Table 3 (see Supplementary File 4 for the 2-class confusion matrices). The SVM models have perfect fit in the training set, and EN models have training accuracy of 90%-95%. This modest accuracy penalty occurs despite the fact that EN uses 5% of the markers used by SVM (29 vs 600 genes). This suggests that the full marker list, while large, has substantial redundancy.
There were 18 total HIV-positive samples in the collection. Combining errors and no-calls in both the training and test sets, there was no significant difference in classification performance between HIV-positive and HIV-negative samples (EN, P = .16; SVM, P = .55; Fisher exact test). Thus, the classifiers perform well irrespective of patients' HIV status.
Gene Ontologic Analysis
To explore the biological significance of our models, we performed gene ontology (GO) analysis on the 600 preselected Supplementary Figures 2-4 , including the number of genes used by EN (as well as strongly correlated genes that might act as substitutes).
DISCUSSION
We have shown that transcriptional signatures of host response can be used to classify the underlying etiology for pediatric patients in tropical settings presenting with a pneumonia syndrome. The idea that transcriptional signatures from the blood of ill patients might be used to parse the class of disease pathogen has been suggested in previous studies. Ramilo and colleagues [23] performed microarray analysis on messenger RNA isolated from peripheral blood mononuclear cells and used a k-nearest neighbors algorithm to classify pediatric patients with acute infections from influenza A virus, Escherichia Figure 3 . Predicted probability ternary plot. The predicted probability of each classification is projected onto a triangle. Each corner represents a category having probability 1. There are 3 classes, and the probabilities for each class must sum to 1, hence there are only 2 degrees of freedom. The probability of a class at a given point is proportional to the distance along a line extending from the vertex to its opposing side. Grid lines represent constant weight for a class. For instance, the purely horizontal lines are lines of constant probability of malaria. Gray lines represent our confidence boundary; anything within that region has brier score <0.3 and is not called. Plots were generated using ggtern [41] . Abbreviation: SVM, support vector machine. coli, Staphylococcus aureus, or Streptococcus pneumoniae, associated with a wide range of clinical disease, including respiratory infections, localized abscesses, urinary tract infections, and meningitis. More recently, this group has leveraged wholeblood transcriptional profiles to characterize the host response to respiratory syncytial virus (RSV) lower respiratory tract infection in infants in contradistinction to influenza and human rhinovirus-associated response, and to establish biomarkers that might be use to assess disease severity [24] . An elegant series of articles from a related group [25, 26] has demonstrated the utility of an interferon-inducible transcriptional signature in blood to distinguish acute active tuberculosis disease from latent tuberculosis, other causes of bacterial pneumonia, and other pulmonary disease and to monitor response to tuberculosis therapy. The work presented here is, to our knowledge, the first application of this general approach using RNA sequencing Figure 4 . Gene ontologic (GO) term enrichment heat map, displaying GO enrichment results using genes selected by cross-validation. The top 10 GO terms are shown by diagnostic category (regardless of significance), for a total of 26 terms across diagnostic categories. Four terms were represented in both bacterial and viral categories. Note that the bacterial and viral signatures top 10 GO terms were highly significant (by false discovery rate [FDR]), whereas the malaria signature was less significant. The top GO terms for malaria are all represented in the viral and bacterial GO term lists ( just further down the list), suggesting that the malaria classification is at the exclusion of viral and bacterial classification. The total numbers of genes for each GO term are displayed in parentheses next to the title; the number of significant genes from each etiology for each term is displayed in each cell. Cells are colored by FDR. We illustrate the GO hierarchy via wiring diagram across the left side. Arrows indicate a "parent of" relationship, circled numbers indicate nodes not shown. For instance, there are 2 nodes between "Biological process" and "Response to virus"; the latter contains 279 genes total, of which 17 were found significant in viral samples, and is a parent of "Defense response to virus."
(RNA-Seq) to identify biomarker candidates for pediatric pneumonia syndrome. When hierarchical clustering is performed in the space of genes filtered for expression level and variance, but not selected for differential expression between classes, there is no significant segregation between samples by bacterial, malarial, and viral etiology. We attribute this to the large variance in gene expression across individuals relative to disease-specific host response, preventing unsupervised methods from detecting meaningful signal out of random variation. Nevertheless, supervised methods are able to extract reliable markers. Class segregation is quite good in the space of differentially expressed genes even before the development of classifiers (Figure 1 ). Of the 2 samples diagnosed as bacterial infection contained in rightmost, dominantly viral cluster, 1 sample, sample 0102, was erroneously diagnosed; its associated blood culture was positive for a contaminant rather than a pathogenic bacterial species, a determination not made until after the data set was locked. Of note, the EN model assigned it a viral etiology. The cluster representing an admixture of bacterial and viral samples is characterized by relative overexpression of both the bacterial markers, indicated by the green bar at the right edge of the figure, and the viral markers, indicated by the orange bar. It is well established that a substantial minority of children with severe clinical pneumonia will have viral and bacterial coinfection [2, 8, 27] . For the purposes of initial classifier development and testing, known coinfections were excluded from analysis. However, because the positive pathogenic bacterial blood cultures required to establish bacterial etiology are known to have good specificity but poor sensitivity [8, 10, 11] , it is plausible that these samples represent undetected viral/bacterial coinfection. This cluster highlights the challenge of marker identification and classifier development in contexts where the "gold standard" diagnostics are themselves inadequate (see below).
Two different classification algorithms were equally effective in disease assignment in the independent test set, supporting the robustness of the response markers. Although up to 600 genes were used as markers with the SVM approach, accurate classification required no more than 29 with the more parsimonious elastic net (EN). The size of the differentially expressed set of genes is evidence of the substantial depth of the host response signature. Much of this information is probably redundant, however, because the 600-marker SVM model did not significantly outperform the 29-marker EN model with the test set. This redundancy is readily evident in the correlation structure of the differentially expressed genes (Supplementary Figure 5) . This shows that some clusters of markers are relatively specific to particular disease causes, whereas others are shared across >1 cause, and it also demonstrates regions of high correlation within which individual markers carry essentially identical information. Even within the more selective EN model, there is clear evidence of that redundancy; the set of 29 markers is complemented by 118 surrogates that have highly correlated expression and could potentially be substituted in specific combinations for the original markers without degradation of model performance (Supplementary File 6) . On average, there were 5 possibilities (the selected marker and 4 surrogates) for each of the 29 genes used by EN, with a range of 0-30 possibilities (complement component 3 had the most correlated genes). The addition of markers without addition of information content does not improve classification accuracy, though it may in some instances improve the robustness of classifiers (for instance if only subsets of markers are accurately measured or differential in each sample).
Although additional markers did not improve model performance, it is likely that model performance could be enhanced by access to a larger number of samples. Performance in 10-fold cross-validation consistently underperformed both training and test results (Figure 2) , demonstrating that the withholding of 10% of the samples materially degraded model performance-and conversely, that better and more stable models would probably result from the inclusion of additional samples.
It is not strictly necessary for an effective disease marker to be directly related to the pathobiology of the disease, but it is probable that many or most of the best markers will have such a relationship. The biological relevance of the set of differentially expressed marker genes markers is shown in the plot of enrichment for GO terms, in Figure 4 . The critical viral/bacterial distinction is particularly strong. Appropriately, bacterial markers are enriched in response/defense response to bacteria as well as in response to wounding and in inflammatory response, whereas viral markers are enriched in response/defense response to viruses and in interferon signaling. Both are enriched in the less specific categories of immune response and response to stimulus and stress. Malarial responses are less discrete, with GO term enrichment at the borderline of significance by the false discovery rate. For all 3 classes, the EN-selected markers are enriched (see EN ratios in Supplementary Figures 2-4) in the top GO terms and represented in processes that are biological relevant, whereas the SVM 600 gene model selected nonspecific GO terms (ie, response to bacteria vs response to fungi in Supplementary Figure 2) .
Although informative markers are too numerous to explore individually, the reduced set represented in the EN model supports the biological relevance of the emerging candidates. Myosin-X, an unconventional myosin, is an actin-based motor protein known to be involved in filopodia formation and increasingly recognized to play a role in bacterial infection [28] . The importance of Myosin-X has been best established in infections with Shigella and Listeria [29] , but many pathogenic bacteria, including Haemophilus influenzae and Klebsiella pneumoniae, are dependent on comparable actin cytoskeletal modulation to facilitate invasion of epithelial cells, intracellular and intercellular bacterial movement, and avoidance of immune responses [30] .
Olfactomedin 4 (OLM4) is stored in the granules of mature neutrophils and modulates neutrophil-based killing and innate immunity against both gram-positive and gram-negative bacteria [31] . It may describe a distinct subpopulation representing about 30% of human neutrophils, but the functional significance of this subpopulation is as yet uncharacterized [32] . Although its function in human neutrophils is not established, OLM4 in mice negatively regulated the nucleotide-binding oligomerization domain 1, which broadly promotes neutrophil-based bactericidal activity [33] and inhibited the activity of cathepsin C, a protease involved in activation of other neutrophil proteases with roles in microbial killing [34] . Consistent with these activities, OLM4 knockout mice are less vulnerable to bacterial sepsis than wild type counterparts. Although in the current study OLM4 was a marker of bacterial infections, it has also been described as the most differentially expressed transcriptional marker of disease severity in children with RSV infection, with >40-fold higher expression in severe than in mild disease and a decrease after clinical recovery [35] . Whereas this raises the possibility that OLM4 is a biomarker of severe lung inflammation or injury rather than of bacterial pneumonia per se, the severity of RSV disease may also reflect bacterial coinfection, which was not tested for in this study but has been described to occur in 20%-40% of severe RSV bronchiolitis cases [36] and is established to be associated with severe pneumonia [2] .
Viral markers are also biologically compelling. The secretion of interferons from cells infected with virus is a central hallmark of the host response. IFIT1, a marker of viral etiology, is a prototypical interferon-stimulated gene with antiviral activity. IFITs can specifically interact with a range of viral RNAs and proteins, thereby interfering with viral replication [37] . NEXN has also been recently described as an interferon-β response gene [38] .
In this study, specific etiologies for pneumonia syndrome were determined by pathogen identification. An important alternative approach is the use of chest radiography. Radiographic end-point pneumonia has been recommended as the reference standard for bacterial pneumonia diagnosis [39] and is widely used in vaccine efficacy trials. The WHO radiologic end point may have underestimated the burden of pneumonia prevented in some pneumonia vaccination trials, consistent with its greater emphasis on specificity than on sensitivity. This has led WHO to reconvene a working group to try to establish a more sensitive end point for radiologically confirmed pneumonia [40] . The character of the chest radiograph in this study was an element in the diagnostic criteria and so cannot be analyzed as a variable independent of the diagnosis. No radiographic specifications were made with respect to bacterial cases, but viral cases were not allowed to have consolidative processes/radiologic end-point pneumonia (to decrease the likelihood of unidentified bacterial pneumonia), and malarial cases were required to have clear radiographs. Like the WHO radiographic criteria, the pathogenic bacteremia that was required in this study for bacterial classification emphasizes specificity over sensitivity. That only a subset of patients had radiographic endpoint pneumonia may reflect the fact that we analyzed patients with a pneumonia syndrome, and not necessarily pneumonia per se; alternatively, it may highlight inadequate sensitivity of an anteroposterior chest radiograph for diagnosis of pneumonia. In either case, children with pathogenic bacteremia require antibiotics, and markers that predict bacterial sepsis may be clinically useful irrespective of the radiographic correlate.
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